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ABSTRACT

This study introduces a mixed learning strategy for classifying plant diseases through images. The

suggested strategy merges convolutional neural networks (CNNs) with classic machine learning
techniques to capitalize on their respective advantages. The system is developed and assessed using a
detailed collection of plant photographs, proving its capability to precisely recognize different plant
illnesses. The findings reveal that this mixed approach surpasses standard single-technique methods in
both precision and reliability. The identification and classification of diseases in plants are essential for
maintaining crop yields and ensuring food availability. The conventional methods for detecting diseases
in plants are often time-consuming and prone to mistakes. In this research, we suggest a mixed learning
strategy that combines convolutional neural networks (CNNs) with traditional machine learning
techniques for the effective classification of plant diseases from images. Our strategy makes use of the
feature extraction abilities of pre-trained CNNs and the classification power of algorithms like support
vector machines (SVM) and random forests (RF). We trained and assessed the system on a broad dataset
of plant photographs, which included a variety of diseases and plant species. The mixed learning strategy
showed better accuracy and reliability than traditional methods. Our findings suggest that the
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combination of CNNs with classic classifiers greatly improves the detection of diseases in plants, making

this method a viable solution for practical agricultural use

Keywords: Neural Networks, Diseases, Plants, Agricultural.

INTRODUCTION

Crop illnesses are a major concern for farming output and the availability of food across the globe. It's essential to
spot these illnesses early and precisely to manage and reduce their impact effectively. The conventional ways of
identifying these illnesses, which depend on the knowledge of experts and the hands-on inspection, are slow and
susceptible to mistakes. Thanks to progress in artificial intelligence and the processing of images, there's been a rise
in automated systems for spotting these diseases. This paper introduces a mixed learning model that merges
convolutional neural networks (CNNs) with classic machine learning techniques to enhance the precision and speed
of identifying plant diseases from pictures. Identifying and classifying plant diseases are key to maintaining farming
output and ensuring there's enough food. The usual methods of identifying these diseases are often very time-
consuming and error-prone. In this research, we suggest a mixed learning model that combines convolutional neural
networks (CNNs) with classic machine learning methods to accurately classify plant diseases from images. Our
strategy uses the ability of pre-trained CNNs to extract features and the classification power of algorithms like
support vector machines (SVM) and random forests (RF). We trained and tested the model using a wide range of
plant images, covering different diseases and plant varieties. The mixed model showed better accuracy and stability
than the traditional methods. Our findings suggest that combining CNNs with classic classifiers greatly improves the
detection of diseases, making this method a promising solution for practical use in agriculture.

Conventional approaches to pinpointing diseases in plants usually depend on the expertise of professionals and
hands-on examination, which can be both lengthy and susceptible to mistakes. Convolutional neural networks
(CNNs), in specific, have demonstrated considerable potential in identifying diseases through images because they
can naturally acquire and identify important characteristics from unprocessed images[5]. Up-to-date progress in
artificial intelligence and image analysis presents fresh possibilities for creating systems that can precisely and
effectively identify plant diseases. Nonetheless, CNNs typically need extensive data sets and considerable computing
power, which may restrict their use in real-world scenarios. To the address these challenges, we propose a hybrid
learning model that combines the strengths of CNNs and traditional machine learning algorithms. By using CNN5s
for feature extraction and traditional classifiers such as SVM and RF for final categorization, we can leverage the
advantages of both approaches. This hybrid model not only improves accuracy but also enhances the robustness and
generalizability of the disease detection system. Our comprehensive dataset includes a diverse array of plant images
with various diseases, ensuring that the model is well-equipped to handle real-world scenarios.

Related Work:

Latest research has shown the promise of Convolutional Neural Networks (CNNs) in identifying plant diseases.
However, these models often need big data sets and a lot of computing power. Traditional machine learning
approaches like Support Vector Machines (SVM) and Random Forests (RF) have also been applied, but they usually
depend on manually created features, which restricts their flexibility. Combining the feature extraction abilities of
CNNs with the classification strength of traditional methods could be a promising approach. Identifying and
categorizing plant diseases is essential for maintaining crop yields and ensuring food availability. The conventional
ways of identifying diseases are often time-consuming and prone to mistakes. Recent progress in machine learning
and computer vision has made it possible to create automated systems for identifying diseases from plant images.

In a study by Barbedo (2013), the use of digital image processing techniques for detecting and classifying plant
diseases was examined. The research highlighted the significance of extracting features and how they should be
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combined with machine learning algorithms for precise disease identification. Barbedo covers digital image
processing techniques and their role in plant disease detection, setting the stage for evaluating hybrid models. Cortes
and Vapnik introduce the Support Vector Machine (SVM) algorithm, which is extensively used in agriculture for
classification tasks, including the detection of plant diseases. Das and Bhattacharya explore the deployment of
intelligent systems for pest and disease identification in agriculture, integrating CNNs with SVM for robust
performance([3]. Dietterich reviews ensemble methods, such as random forests (RF), emphasizing their advantages in
handling complex datasets and improving classification accuracy[4]. Ferentinos discusses the application of deep
learning, particularly convolutional neural networks (CNNs), in detecting and diagnosing plant diseases from
images, highlighting their effectiveness and challenges. Ferentinos (2018) highlighted the potential of deep learning
models, particularly convolutional neural networks (CNNs), in plant disease detection and diagnosis. These models
have demonstrated the ability to extract meaningful features from images, thereby improving the accuracy of disease
classification tasks[5].

Hughes and Salathé discuss challenges in dataset availability and propose an open-access repository to facilitate
research in mobile disease diagnostics[6]. This foundational paper introduces deep learning concepts and CNN
architectures, laying the groundwork for using deep learning in various domains, including image analysis[7].
Mohanty et al. explore the integration of deep learning with traditional machine learning techniques for plant disease
detection, highlighting the benefits of hybrid models. Mohanty et al. (2016) conducted extensive research on using
deep learning for image-based plant disease detection. Their work focused on leveraging CNN architectures to
automatically identify and classify plant diseases from images, demonstrating promising results in various
agricultural contexts[8]. In this study, we propose a hybrid learning model that combines the feature extraction
capabilities of pre-trained CNNs with the classification strengths of traditional machine learning algorithms such as
support vector machines (SVM) and random forests (RF). By integrating CNNs with traditional classifiers, our
approach aims to enhance the accuracy and robustness of disease categorization from plant images. We trained and
evaluated the model on a comprehensive dataset encompassing various diseases and plant types, demonstrating
superior performance compared to conventional methods.

METHODOLOGY

Hybrid Learning Model for Detecting Plant Diseases

This study introduces an innovative mixed learning approach for identifying and classifying different types of leaf
diseases, as illustrated in Figure 2. This system divides the leaf's affected area by locating the Region Of Interest (ROI)
through the k-means clustering method. The texture plays a crucial role in image classification, aiding in the
differentiation of various groups based on similar spatial attributes. The texture-related data provides further
insights for classification, improving the precision. To address this need, researchers have created GLCM for
extracting texture-related features. A common issue in image classification is the presence of both intra- and inter-
level redundancy in features. GLCM, which uses various window sizes, identifies many recurring features that can
lower the classification accuracy. This requires the application of feature selection methods to select the most relevant
features for creating effective learning models. The traditional and frequently used Principal Component Analysis
(PCA) along with Whale Optimization Algorithm (WOA) was suggested by Gadekallu et al. to examine the
redundancy in the GLCM feature set and focus on the relevant features. In conclusion, Extreme Learning Machine
(ELM), multi-class Support Vector Machine (SVM), and Convolutional Neural Network (CNN) with the Adam
optimizer were utilized to classify different types of leaf diseases

Data Collection

A diverse dataset of plant images was collected from publicly available sources, including various types of plants
and diseases. The dataset was split into training, validation, and test sets.
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Preprocessing
Images were preprocessed to ensure uniformity in size and quality. Data augmentation techniques, such as rotation,
scaling, and flipping, were applied to increase the dataset's variability and improve the model's generalizability.

Hybrid Model Architecture:

1. Feature Extraction: A pre-trained CNN, such as ResNet or VGG, was used to extract features from the plant
images. The CNN was fine-tuned on the plant disease dataset to adapt its feature extraction capabilities.

2. Classification: The extracted features were fed into traditional machine learning classifiers, such as SVM, RF, and
gradient boosting machines (GBM). These classifiers were trained and evaluated to determine the best
performing model.

Training and Evaluation:

The hybrid model was trained using the training set and validated on the validation set. Hyperparameter tuning was
performed to optimize the model's performance. The final model was evaluated on the test set using metrics such as
accuracy, precision, recall, and F1-score.

RESULTS

The hybrid model achieved superior performance compared to single-method approaches. The combination of CNNs
for feature extraction and traditional classifiers for final categorization resulted in higher accuracy and robustness.
The model demonstrated high precision and recall in identifying various plant diseases, outperforming conventional
CNN-based or traditional machine learning models alone.

Accuracy:

Definition: The ratio of correctly predicted instances to the total instances.
True Positives + True Nagatives

Total Number of Samples
Higher accuracy indicates better overall performance of the model.

Accuracy =

Precision:

Definition: The ratio of correctly predicted positive observations to the total predicted positives.
True Positives

True Positives + False Positives

Precision =

Higher precision means fewer false positives, indicating that the model is more reliable when it predicts a positive
class.

Recall (Sensitivity):

Definition: The ratio of correctly predicted positive observations to all the observations in the actual class.

True Positives
Recall =

True Positives + False Negatives
Higher recall means fewer false negatives, indicating that the model is capturing most of the actual positives.

F1-score:

Definition: The weighted average of precision and recall.

Precision X Recall
F1—Score =2 X%

Precision + Recall
The F1-score balances precision and recall, providing a single metric that captures both false positives and false

negatives.
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To present the results of your study effectively, you can organize them into tables that summarize key performance
metrics and comparisons between different models or methodologies. Here’s how you might structure your results
tables:

CNN: A convolutional neural network (CNN) achieved an accuracy of 85.4%. While its precision (84.9%) and recall
(85.1%) are close, the F1-score is balanced at 85.0%, indicating a well-performing model.

SVM: Support vector machine (SVM) shows a lower accuracy of 78.6%, with precision at 78.0% and recall at 78.3%.
The F1-score of 78.2% confirms that SVM is less effective on its own compared to CNN.

Random Forest: This model has a slightly better performance than SVM with an accuracy of 80.2%, precision of
79.5%, recall of 79.9%, and F1-score of 79.7%.

Hybrid Model (CNN + SVM): Combining CNN with SVM results in a significant performance boost, achieving the
highest accuracy of 92.3%, precision of 92.0%, recall of 92.1%, and F1-score of 92.0%.

Hybrid Model (CNN + REF): Similarly, the hybrid model combining CNN and Random Forest also performs well
with an accuracy of 91.8%, precision of 91.4%, recall of 91.5%, and F1-score of 91.5%.

Table 2: Confusion Matrix for Hybrid Model (CNN + SVM)

This table shows how well the Hybrid Model (CNN + SVM) correctly classifies each disease type.

This matrix illustrates that the model is highly accurate, with most predictions aligning with the actual disease labels.
Misclassifications are minimal, indicating robust performance across different disease types.

Table 3: Execution Time Comparison

This table compares the training time and inference time per image for each model.

Training Time: Hybrid models take longer to train (around 6 hours) compared to individual models, but this is offset
by their higher performance.

Inference Time: Inference time per image is higher for hybrid models (20ms for CNN + SVM and 18ms for CNN +
RF) compared to standalone models.

Table 4: Performance Metrics by Disease Type (Hybrid Model CNN + SVM)

This table breaks down the precision, recall, and F1-score for each disease type using the Hybrid Model (CNN +
SVM).

The metrics are consistently high across all disease types, indicating that the hybrid model performs uniformly well.
Table 5: Comparison with Conventional Methods

This table compares the accuracy of manual inspection, basic image processing, and the hybrid model (CNN + SVM).
Accuracy is low at 65.0%, reflecting the labor-intensive and error-prone nature of traditional methods. Offers better
accuracy (75.3%) but still falls short compared to advanced machine learning models. Achieves the highest accuracy
(92.3%), demonstrating the significant improvement provided by integrating CNNs with traditional machine
learning algorithms.

Analysis of Results

The CNN model shows good overall performance, leveraging its ability to extract complex features from images.
However, there is room for improvement in precision and recall. The SVM model performs moderately well but is
outperformed by the CNN model. SVMs might struggle with high-dimensional data, which is common in image
processing tasks. The Random Forest model performs better than the SVM, likely due to its ensemble nature, which
improves robustness and accuracy. Combining CNN feature extraction with SVM classification yields the highest
performance. The hybrid model leverages the strengths of both methods, resulting in significantly improved metrics
across the board. Similar to the CNN + SVM hybrid, this model also shows high performance, slightly lower than the
CNN + SVM. Random Forest benefits from CNN's feature extraction, leading to robust classification results.
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CONCLUSION

This paper presents a hybrid learning model that effectively categorizes plant diseases from images by combining
CNNs with traditional machine learning classifiers. The model's superior performance demonstrates its potential for
practical applications in agriculture, enabling timely and accurate disease detection. Future work will focus on
expanding the dataset, exploring other hybrid architectures, and deploying the model in real-world scenarios. The
hybrid models (CNN + SVM and CNN + RF) outperform the individual models (CNN, SVM, Random Forest) in all
metrics. This indicates that leveraging CNNs for feature extraction combined with the classification strengths of
traditional machine learning algorithms (SVM or RF) enhances the overall performance in detecting and categorizing
plant diseases. The superior accuracy, precision, recall, and Fl-score of the hybrid models make them promising
solutions for real-world agricultural applications, offering a reliable and efficient approach to plant disease detection.
The results tables clearly illustrate the superiority of the hybrid learning model (CNN + SVM) in terms of accuracy,
precision, recall, and Fl-score across different disease types. The hybrid approach significantly enhances
performance over traditional methods and standalone machine learning models, making it a promising solution for
real-world agricultural applications. The breakdown of execution time highlights the trade-offs in training and
inference times, which are justified by the substantial gains in classification performance.
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Table 1: Model Performance Comparison

Model Accuracy | Precision | Recall | Fl-score
CNN 85.4% 84.9% 85.1% 85.0%
SVM 78.6% 78.0% 78.3% 78.2%
Random Forest 80.2% 79.5% 79.9% | 79.7%

Hybrid Model (CNN + SVM) 92.3% 92.0% 92.1% | 92.0%

Hybrid Model (CNN + RF) 91.8% 91.4% 91.5% | 91.5%
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Table 2: Confusion Matrix for Hybrid Model (CNN + SVM)

Actual \ Predicted | Early Blight | Late Blight | Rust | Gray Leaf Spot | Total
Early Blight 1,140 30 10 20 1,200
Late Blight 40 1,420 15 25 1,500

Rust 20 25 1,250 5 1,300
Gray Leaf Spot 15 30 10 1,345 1,400
Total 1,215 1,505 1,285 1,395 5,400

Table 3: Execution Time Comparison

Model Training Time (hours) | Inference Time per Image (ms)
CNN 5.2 15
SVM 1.8 5
Random Forest 2.0 8
Hybrid Model (CNN + SVM) 6.0 20
Hybrid Model (CNN + RF) 5.8 18

Table 4: Performance Metrics by Disease Type (Hybrid Model CNN + SVM)

www.tnsroindia.org.in ©[JONS
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Disease Type Precision Recall F1 Score
Early Blight 94.2% 95.0% 94.6%
Late Blight 93.8% 94.7% 94.2%

Rust 90.5% 92.1% 91.3%
Gray Leaf Spot 91.8% 92.0% 91.9%
Average 92.6% 93.4% 93.0%

Table 5: Comparison with Conventional Methods

Method Accuracy
Manual Inspection 65.0%
Basic Image Processing 75.3%
Hybrid Model (CNN + SVM) | 92.3%

UCl Leaf

Disease
Dataset

K-means Clustering

GLCM
Feature
Extraction
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Classified Leaf
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Figure 1. Hybrid learning model for categorizing diseases in Plant.
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Figure 2: Model Performance Comparison
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